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XAl on Graph Neural Networks

« Many important real-world data sets are graphs or networks
« Graph Neural Networks lack transparency in their decision-making
* Nonetheless, they are a promising candidate for producing reach explanations
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Perturbation-based Explainer Methods
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Demystifying GNN Explanations

The current methods and data used to evaluate GNN explanations lack maturity. We explore these
existing approaches and identify common pitfalls in three main areas:

* (1) Synthetic data generation process

* (2) Evaluation metrics
* (3) Final presentation of the explanation
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(1) Synthetic data generation process
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Synthetic data sets with intuitive motifs are used for explanation evaluation
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(1) Synthetic data generation process
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(2) Evaluation metrics

 Differing Accuracy definitions

« ROC AUC overly optimistic for imbalanced data set

* Threshold-dependent metrics should be included

Class ROC SD PR AUC SD Recall SD
AUC (proposed) (proposed)

Top Nodes 0.98 0.07 0.69 0.19 0.65 0.18

Shoulder Nodes 0.98 0.91 0.51 0.19 0.51 0.13

Bottom Nodes  0.93 0.18 0.56 0.22 0.57 0.21

Cycle Nodes 0.71 0.22 0.55 0.16 0.52 0.14

Comparison of ROC AUC, PR AUC and Recall scores

PR AUC/Recall are more insightful
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(3) Final presentation of the explanation
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Label flips indicate lacking fidelity of explanations
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Label flip for different node classes: Shoulder nodes (left) and top nodes (right)
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(3) Final presentation of the explanation

« Choice of threshold is non-trivial
« Trade-off between compactness and completeness of explainer subgraph

Class Accuracy Accuracy
th =6 th = 20
Top Nodes 0.65 0.98
Shoulder Nodes 0.51 0.82
Bottom Nodes 0.57 0.75
Cycle Nodes 0.52 0.97

Recall for different thresholds

Grid-search to find optimal threshold
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